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Research on surface defect detection of wind turbine based on ECSMNet
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Abstract: Aiming at the problems of complex background environment and insufficient detection accuracy of small target defects in
surface defect detection of wind turbines, an efficient surface defect detection method for wind turbines is proposed. Firstly, a backbone
network with feature extraction and fusion capabilities is constructed, and an improved channel attention is introduced in the residual part
to help the network better extract feature information. Secondly, a new generation of convolution deformation module is used for output,
so that the model can better capture the correlation between space and time in the input data, simplify the model and improve the
detection speed. Finally, an efficient spatial-depth information conversion module is introduced in the down-sampling part of the model to
reduce the spatial dimension in the input feature map to the channel dimension, retain the salient features while reducing the loss of fine-
grained information, and further improve the ability of the model to detect small targets. The experimental results show that compared with
the YOLOv7 network, the accuracy of the proposed network is improved by 3. 5%, the recall rate is improved by 2. 3%, and the average
accuracy is improved by 3. 1% when the intersection over union is 0. 5. In the data set 2 with better image quality, the accuracy rate
reaches 96% , the recall rate reaches 94% , and the average accuracy reaches 96. 7% when loU is 0. 5. The proposed model has obvious
advantages in solving the problem of false detection and missed detection, and has faster detection speed. It is more suitable for
application in the actual detection environment and has good engineering application prospects.
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Fig. 1 The overall structure of ECSMNet
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Table 1 Parameter configuration of hardware

and software platforms

Configuration i Eil
. Intel(R) Xeon(R) Platinum 8352V
v CPU @ 2.10 GHz
GPU NVIDIA GeForce RTX 4090
Operating system Windows 10
Running memory 326G
Video memory 24 G

Anconda3 + Python3. 8 + Pytorch2. 0. 0

Language and Framework

®2 IGSHEE

Table 2 Training parameter configuration

plEE S

Configuration

Momentum parameter 0.937

Initial Learning rate 0. 001
Batch Size 16
Epochs 300
Optimizer SGD
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Fig. 8 The number and proportion of various

defects in the wind turbine data set
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#x3 HEXEENEEAMRTLE
Table 3 Comparison of the effects of various improvement points in ablation experiments
SEFS Baseline ECAMC CNT MSPD Datasets P/% R/% mAP@ 0. 5/% %/ fps
1 vV 1 73.8 67.7 73.0 53.6
2 VvV Vv 1 74.9 69.9 74.4 48.2
3 VvV 2 v 1 75.7 69.5 75.4 56.2
4 vV Vv vV VvV 1 77.3 70.0 76. 1 55.8
5 VvV 2 94. 4 93.5 95.6 69.5
6 vV vV 2 95.3 93.8 96.2 63.2
7 vV 2 vV 2 95.5 93.8 96. 5 72.8
8 2 v Vv vV 2 96. 0 94.0 96.7 72.2
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Fig. 10 Comparison of various defect detection accuracy
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Table 4 The comparison diagram of ECSMNet

model and mainstream model

T P/% R/% mAP@0.5/%
SSD 70.2 64. 4 70. 1
Faster R-CNN 67. 4 60.5 68.9
YOLOv7 73.8 67.7 73.0
YOLOv8 74.5 68.2 73.8
YOLOv9 75.2 68.5 74.2
[ 77.3 70.0 76. 1
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Fig. 11  Comparison of various defect detection results
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Fig. 12 Comparison of detection effects of different algorithms
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